Aging is a common characteristic of multicellular eukaryotes. Copious hypotheses have been proposed to explain the mechanisms of aging, but no single theory is generally acceptable. In this article, we refine the RNA population gene activating model (Lv et al., 2003) based on existing reports as well as on our own latest findings. We propose the RNA population model as a genetic theory of aging. The new model can also be applied to differentiation and tumorigenesis and could explain the biological significance of non-coding DNA, RNA, and repetitive sequence DNA. We provide evidence from the literature as well as from our own findings for the roles of repetitive sequences in gene activation. In addition, we predict several phenomena related to aging and differentiation based on this model.
Introduction
Aging individuals can no longer maintain homeostasis in response to physiologic and environmental changes as easily as they once could (Wolden-Hanson et al., 2002) . Through the years, copious hypotheses have been proposed to explain the mechanisms of aging (Salmon et al., 2010) . These hypotheses include two main types: one is an orderly, genetically programmed event that is the consequence of differentiation, growth, and maturation; the other is a stochastic event resulting from accumulation of random errors. However, each type of hypothesis cannot independently explain aging.
In 2003, we proposed the RNA population gene activating model (Lv et al., 2003) . Our recent experimental results provide preliminary evidence to confirm the roles of repetitive sequences in gene activation. Here, we refine the RNA population gene activating model according to previously published studies as well as to our own latest findings and propose the RNA population model as a genetic theory of aging. This new model sheds light on the 2. RNA population model
Overview
The RNA population in a cell is comprised of all of its transcriptional RNAs. The RNAs produced from a single transcription site (including multiple genes) make up an RNA subpopulation that forms a local network via RNA repetitive sequence complementation. In addition, an RNA subpopulation may also include a small number of RNAs produced from other transcription sites (Fig. 1) .
Interactions between DNA and RNA in the local network disturb the tight packing of chromatin and maintain gene activation. In contrast, RNA fragments that destroy the RNA network or that disturb the interaction between DNA and the network RNA inhibit gene transcription. Gene transcription resulting from the interaction between DNA and the RNA network produces an RNA population that, in turn, affects gene transcription via changing chromatin packing in cell division. Gene transcription can be altered by changes in the interactions between the RNA population and DNA. Such changes are the foundation of aging and differentiation. If the interaction between the RNA population and DNA runs a cyclical course, it would result in immortal cells. Fig. 1 . The RNA population model: The RNA population is comprised of all transcriptional RNA in a cell. The population can be divided into many different RNA subpopulations. RNA subpopulations interact with DNA and disturb chromatin tight packing to maintain gene activation. Gene transcription produces the RNA population, which in turn affects gene transcription. The RNA population alters chromatin packing, thereby exerting an epigenetic influence on the process of cell division.
Differences between the RNA population gene activating model and the RNA population model
Comparing with the RNA population gene activating model (Lv et al., 2003) , the RNA population model supplemented the following contents: (1) RNA subpopulations -multiple RNA subpopulations make up RNA population in a cell nucleus, an RNA subpopulation mainly consists of transcripts locally produced; (2) an RNA network -RNAs form a network based on repetitive sequence complementation. DNA that shares sequence similarity to free RNAs in the network will blend into the network and become transcriptionally active whereas DNA that does not share similarity to free RNAs will be excluded from the network; and (3) RNA inhibition -if RNA fragments destroy the RNA network or disturb the interaction between the RNA network and DNA, transcription will be inhibited.
3. The biological phenomena explained by the RNA population model 3.1. Aging, differentiation, epigenetics, and reproduction For ease of description, the RNA population model divides genes into grades A, B, C, and D, based on gene expression changes and chromatin remodeling within cell cycles. This gene activating process is illustrated from zygote (grade A genes), to the triploblast (grade B), to various primordiums (grade C) and to formation of an individual (grade D) (Fig. 2a) . Gene expression is the process of continuous change (activation and silent) during individual development, growth, and aging. Actually, each cell cycle can be regarded as a grade for which the gene expression profile makes up the grade (a specific chromatin conformation landscape) while the total of transcriptional RNAs makes up the RNA population. Activation of each grade of genes requires specific activating material (mainly the RNA population), which is produced from higher grade genes. The expression of lower grade genes will stop or change without the RNA population produced by higher grade genes because the changing RNA population results in changes in chromatin conformation and gene expression. For example, grade A genes produce the RNA population that will activate grade B genes. In this process, cellular internal and external environmental factors can also affect the expression of the grade B genes, which, in turn, may drive cells into differentiation (B1, B2, B3, etc.). The resulting differentiated cells produce a different RNA population that activates lower grade genes. Thus, gene expression in differentiated cells is due to activation of higher grade genes. If higher grade genes are still expressed when lower grade genes are activated, differentiation cannot be completed. Alternatively, termination of high-grade gene expression decreases cellular proliferation and differentiation, leading to cellular aging. Likewise, in the process of cell proliferation, epigenetic information is maintained because the RNA population affects chromatin conformation to produce another RNA population.
Postnatal survival associated functions (e.g. intelligence, audition, vision, immunocompetence, etc.) increase in early life stages and decrease with age (Fig. 2b) . Many of the changes in gene expression that occur during the aging process originate during the period of juvenile growth deceleration (Terao et al., 2002; Zhao et al., 2002; Ihm et al., 2007; Chang et al., 2008; Finkielstain et al., 2009; Lui et al., 2010) . According to the RNA population model, from a zygote to an aged individual, changes in gene expression occur continuously, alloting for a specific period of time that is suitable for survival.
Tumorigenesis
When the RNA population produced as a result of a certain chromatin conformation results in production of an RNA population identical to itself, cells become immortal and oncogenic (Fig. 3) . Aging of multicellular eukaryotes is compulsory. In the chain of evolution, the early organisms (prokaryotes) are not aging, yet aging occurs in multicellular eukaryotic organisms where differentiation has emerged. Thus, aging should have important biological significance. Fig. 2 . The RNA population model accounts for aging, differentiation, reproduction, and epigenetic. (a) All eukaryotic genes can be divided into several grades such as A, B, C, and D. Activation of each grade requires a specific activating RNA population that is produced by the higher grade genes. Internal and external environmental factors promote cellular differentiation (e.g., B1, B2, and B3). Differentiation requires that expression of higher grade genes decreases after lower grade genes are activated. However, after the expression of higher grade genes decreases, the expression of lower grade genes eventually decreases and changes, which results in aging. In the process of cellular proliferation, epigenetic information is maintained because the RNA population affects chromatin conformation that results in production of another RNA population. For example, sperm-egg binding activates grade A genes, in turn, the production of grade A genes activates grade B genes, and then the expression of grade A genes will stop. In a similar way, grade B genes will stop after they activate grade C genes and grade C genes will stop after they activate grade D genes. The expression of grade D genes produces postnatal survival related functions. Because the activation of grade D genes is the results of grade C genes activating, so the stopping of grade C genes will result in the expression of grade D genes stopping or changing (aging). The sperm and egg binding in adult individuals will activate grade A genes again. Life process is a cycle. (b) Postnatal survival related functions (e.g. intelligence, audition, vision) alter with age. Abscissa, age and ordinate, functions. The functions increase during early life stage with age and later decrease with age. According to the RNA population model, from zygote to aged individual gene expression change is a continuous process during which there is a set period of time for which overall gene expression is conducive to survival. Fig. 3 . The RNA population model accounts for tumorigenesis. During the process of development, the RNA population regulates chromatin conformation, which results in production of another RNA population. Immortalization of the cell and subsequent tumorigenesis occurs when an RNA population induces a chromatin conformation that results in the production of an RNA population identical to that of the initial population.
Support for the RNA population model
4.1. Non-coding RNA (DNA) and repetitive sequences are ubiquitous in multicellular eukaryotes The RNA population model proposes that non-coding RNA (DNA) and repetitive sequences regulate gene expression. Thus, the model requires that non-coding RNA (DNA) and repetitive sequences are ubiquitous in multicellular eukaryotes. There is evidence that non-coding DNA and RNA are ubiquitous in genomes and transcriptomes of multicellular eukaryotes (Bertone et al., 2004; Carninci et al., 2005; Khalil et al., 2009; Louro et al., 2009; Chen et al., 2011; Djebali et al., 2012) . Non-coding DNA comprises the overwhelming majority of the human genome (Venter et al., 2001 ; The ENCODE Project Consortium, 2012) and non-coding RNA comprises very high proportion of the human transcriptome (Liu et al., 2006 ; The ENCODE Project Consortium, 2012). Short interspersed elements (SINEs) are main repetitive sequences and have very high copy numbers in many mammalian genomes (López-Giráldez et al., 2006; Wang and Kirkness, 2005) , Alu elements are main SINEs and comprise about 10% of the human genome (International Human Genome Sequencing Consortium, 2001) .
Differences in organism complexity may originate from the vast differences in the amounts of non-coding RNA between higher eukaryotes and simpler organisms, rather than from differences in protein-coding genes (Liu et al., 2006) . Repetitive sequences occupy a marked proportion of multicellular eukaryote genomes (Fontana, 2010; Behura and Severson, 2012; Wei et al., 2013) , accounting for more than 40% of the genomes of frogs, maize, humans, mice, and lilies (Flavell et al., 1974; Morescaldi and Olmo, 1982; Flavell et al., 1994; SanMiguel et al., 1996; Henikoff et al., 1997; Smit, 1999; Bennetzen, 2000; Lander et al., 2001) . Likewise, repetitive sequences occupy 14-37% of the genomes of chickens, mosquitoes, fruit flies, and arabidopsis (Arthurand and Straus, 1978; Arabdopsis Genome Initiative, 2000; Holt et al., 2002; Rizzon et al., 2002; Kapitonov and Jurka, 2003 ) and 3-6.5% of the genomes of nematodes and yeast (Waterson and Sulston, 1995; Kim et al., 1998) .
RNA-specific subcellular localization
The RNA population model proposes that RNA networks and RNA subpopulations with specific subcellular localizations control transcription. Several lines of evidence support this idea. The results of fluorescence in situ hybridization showed that, Clark and Mattick (2011) provided evidence that more than 50 non-coding RNAs are distributed subcellularly (Clark and Mattick, 2011) . Similarly, Wang et al. (1991) demonstrated that after microinjection of rhodamine-H␤A RNA into the nuclei of NRK epithelial cells, the injected RNA distributed throughout the nucleoplasm (illustrating that injected RNA did not meet the space steric effect) and progressively localized in discrete loci (illustrating that these sites attracted the RNAs). Similar patterns of nuclear localization were observed after injection of a rhodamine-labeled rat proenkephalin pre-mRNA or an adenovirus pre-mRNA (Melcák et al., 2001 ). Likewise, injection of a fluorescently labeled antisense RNA probe into nuclei of HeLa and 3T3 cells revealed that different RNA molecules distribute specifically within the nucleus (Carmo-Fonseca et al., 1991; Molenaar et al., 2001) . These results are consistent with our deduction that RNAs produced from a transcription site can enter another transcription site to form RNA subpopulation and that the local distribution of RNAs has preference in a cell nucleus.
Additionally, evidence indicates that functionally distinct alleles of glial fibrillary acidic protein, which is monoallelically expressed in cortical astrocytes, occupy differential radial positions within the cell nucleus and differentially associate with intranuclear compartments (Takizawa et al., 2008) . Furthermore, Batista and Chang (2013) indicated that non-coding RNA plays a critical role in the establishment and regulation of subcellular domains and seems to function as an anchor to form a particular domain in the nucleus.
Transcription is divisional
The RNA population model also proposes that the RNA population can be divided into many RNA subpopulations that form local networks to activate local genes. Thus, the model requires the presence of multiple discrete transcription sites in the nucleus for producing RNA subpopulations. To explain this phenomenon, the transcription factory model suggests that there are multiple transcription sites in one cellular nucleus. According to the transcription factory model, DNA or chromatin loops are tethered to "factories" through the transcription machinery. One cell contains between hundreds and thousands of transcription factories (Bentley, 2002; Sexton et al., 2007; Xu and Cook, 2008; Cook, 2010; Konietzko et al., 2010; Lucas et al., 2011; Edelman and Fraser, 2012; Deng et al., 2013) . The facts described by transcription factory model support the idea that there are multiple discrete transcription sites in a cell nucleus.
There are ∼8000 RNA polymerase II holoenzyme factories in the nucleoplasm of a HeLa cell, but only 100-300 RNAP II foci per nucleus in erythroid cells (Osborne et al., 2004) . The number of transcription factories in tissues is far less than estimated from cultured cells (Osborne et al., 2004) . Differentiated or committed tissue types have a limited number of available transcription sites (Osborne et al., 2004) . Estimates show that erythroid cells express at least 4000 genes; so many genes share the same factory (Osborne et al., 2004) . These findings indicate that transcription is divisional.
The expression of adjacent genes is physiologically relevant
Because a chromosome only occupies a specific space, interaction between different chromosomes is spatially restricted and is believed to occur primarily between adjacent chromatins. Our RNA population model requires that the expression of adjacent genes is physiologically relevant, an idea that is supported by several lines of evidence. First, the genomic environment influences gene expression (Baker, 1968; Kleinjan and van Heyningen, 1998; Kleinjan and van Heyningen, 2005) in organisms ranging from yeast to humans (De and Babu, 2010) . For example, insertion of identical lacZ constructs in 20 different integration sites results in up to 8.7-fold differences between the sites of lowest and highest expression in yeast (Flagfeldt et al., 2009) . Additionally, integration of identical GFP reporter constructs in 90 different chromosomal positions in the human genome results in GFP expression of the integrated gene similar to that of adjacent genes (Gierman et al., 2007) . Furthermore, induction of immediate early genes in response to growth factor stimulation results in the co-upregulation of a number of neighboring genes (Ebisuya et al., 2008) . Moreover, it has been proposed that variable selection of genes with lower expression levels may be a factor driving the organization of essential genes on chromosomes (Batada and Hurst, 2007) . Recent data also indicate that long non-coding RNAs are related with the expression of adjacent genes and the expression of genes located within same chromosome is positively correlated (Derrien et al., 1789) .
4.5. The structures of adjacent regions of chromatin are similar to one another Our RNA population model requires that the structures of adjacent chromatin regions are similar to one another. A body of evidence supports the idea that these regions share similar structures. Giemsa's staining revealed that chromosomes emerge bands with GC-rich in light bands and AT-rich in dark bands. These facts suggested that the bases of chromatin are similar in a Giemsa's staining band (about 1 Mbp) (De Sario et al., 1997; Tajbakhsh et al., 2000; Watanabe et al., 2000 Watanabe et al., , 2009 Oliver et al., 2002; Federico et al., 2004) . Interestingly, several chromatin regions, including Alu and Line repetitive sequences, GC content, and minisatellite DNA, are unevenly distributed in 1 Mbp intervals within the human genome (Wright et al., 2001; Wang et al., 2006) . This suggests that DNA elements and base composition among 1 Mbp range chromatin are similar. Providing further evidence, human chromosome 19 is one of the smallest chromosomes, but it is denser in genetic content than other chromosomes and is comprised of 27.6% SINEs (Dehal et al., 2001) , which suggests that distribution of SINEs on the chromosome 19 has preferences. Furthermore, data indicates that the interaction intensity of RNA and DNA is regionally distributed on chromosomes, illustrating that adjacent bases are structurally similar (Li et al., 2005) .
RNA affects chromatin conformation
Chromatin structure is closely related to gene transcription (Depken and Schiessel, 2009; Grigoryev and Woodcock, 2012) . Our RNA population model proposes that the RNA population affects chromatin conformation, which in turn produces a new RNA population. This idea is supported by several studies. First, a study in which DNA was packaged using cationic nanoparticles similar to histone octamers revealed that transcription decreased with increasing concentrations of cationic nanoparticles (Zinchenko et al., 2007) . These data indicate that tight packaging of chromatin inhibits transcription. Furthermore, transcribed genes are located in loosely packaged areas of chromatin that are sensitive to DNase I digestion (Higgs et al., 1990; Chen et al., 1997; Wang et al., 2009a) . Moreover, it has been proposed that RNA fragments can tie up DNA into a three-dimensional structure by introducing crosslinks (Lindsay, 2007) . Second, RNA can induce changes in chromatin conformation, leading to gene silencing and X-chromosome inactivation (Kelley and Kuroda, 2000; Avner and Heard, 2001; Bender, 2004; Lippman and Martienssen, 2004) . Using RNase A treatment, sucrose gradient centrifugation and micrococcal nuclease digestion, Rodríguez-Campos and Azorín (2007) demonstrated that RNA is an integral component and affects chromatin structure in chicken liver chromatin. Together, these data support the idea that chromatin conformation affects gene transcription, which is consistent with our RNA population model.
RNA regulates gene expression
Our RNA population model requires that RNA activates or inhibits gene expression, which is supported by several lines of evidence. It has been shown that RNA can open chromatin via DNase I digestion sensitivity experiment (Zhang et al., 2002; Lv et al., 2003) . Additionally, transfection of various cell lines with RNAs that target promoters leads to increased transcription of the corresponding genes (Li et al., 2006; Janowski et al., 2007; Turunen et al., 2009; Matsui et al., 2010) . Furthermore, two small activating RNAs can induce the expression of mouse Cyclin B1 in NIH/3T3 and TRAMP C1 cells (Huang et al., 2010) . Moreover, non-coding RNA generated from neighboring promoters activates genes and cis produced non-coding RNA can activate transcription of nearby genes (Andersson and Shiekhatta, 2011; Lucia and Dean, 2011) . Additionally, RNA can inhibit gene expression at transcriptional and post-transcriptional levels (Kuersten and Goodwin, 2003; Mattick and Makunin, 2006; Kassube et al., 2012; Wolin et al., 2012; Knauss and Sun, 2013) . For example, HOTAIR (HOX antisense intergenic RNA) is a long non-coding RNA that is transcribed from the antisense strand of the homeobox C gene on chromosome 12. HOTAIR coordinates with chromatin-modifying enzymes and regulates gene silencing (Bhan et al., 2013) . In Drosophila, transcription of non-coding RNAs was proposed to induce HOX gene expression by activation of cis-regulatory elements (Schmitt et al., 2005) . The finding of widespread position-specific non-coding RNAs that flank, and are coordinately induced with, neighboring human HOX genes is consistent with models of cis activation by non-coding RNA transcription (Rinn et al., 2007) . Non-coding RNA regulated gene expression of neighboring genes through modulating the chromatin structure in cis (Mondal et al., 2010) . Together, these data show that RNAs can regulate gene expression, which provides support for our RNA population model.
RNAs form networks
A main idea of our RNA population model is that RNA subpopulations form RNA networks that regulate gene expression by changing chromatin conformation. Our analyses from the base complementary principle indicate that RNAs that form networks should possess the following characteristics: (1) RNAs that form networks should be abundant in quantity to facilitate the encounter and binding of complementary sequences. (2) These RNAs should contain repetitive sequences, which most easily renature (anneal). (3) Repetitive sequence RNAs should be included within other sequences. Only under these conditions can the sequences form networks rather than complete complementary double-stranded forms. Repetitive sequence RNAs should not exist alone, otherwise they interfere network formation. (4) Repetitive sequence RNAs should have high homology, which ensures that they bind steadily with each other. (5) RNAs forming networks should contain sense and antisense repetitive sequences. (6) Adjacent two aligned repetitive sequences should point to same oritentation, otherwise, complementation may occur, affecting the inter-strand combination.
The following is the possibility analysis of RNA network formation mainly using Alu RNAs as an example. Non-coding RNAs comprise very high proportion of the human genomic output (Liu et al., 2006 ; The ENCODE Project Consortium, 2012). Sela et al. analyzed the distribution of transposed elements (TEs), including Alu, MIR, L1, etc. in human genome, and found that more than 50% of TEs are located in intronic sequences, even though introns comprise only 24% of the human genome (Sela et al., 2007) . For example, Alu repeats comprise about 10% of the human genome and 66% of Alu repeats are located in intronic sequences (Sela et al., 2007) . These results illustrate the abundance of repetitive sequences in human introns. Furthermore, introns are the main source of noncoding RNAs (The ENCODE Project Consortium, 2012), suggesting that a mass of repetitive sequences exists in non-coding RNAs. Several reports have indicated that Alu elements located within intronic sequences, in both the sense and the antisense orientation relative to the mRNA, and can potentially form long regions of double-stranded RNA (dsRNA) (Morse et al., 2002; Athanasiadis et al., 2004; Blow et al., 2004; Kim et al., 2004; Levanon et al., 2004; Sela et al., 2007; Lev-Maor et al., 2008) . The median length of introns containing at least one Alu element is 3829 bp, whereas the median length of introns that do not contain an Alu is 521 bp (LevMaor et al., 2008) . The fact that Alu elements exist within larger introns is consistent with the idea that Alu RNAs make up networks via complementation. The distribution of Alus in the housekeeping gene, LDHA, illustrates the distribution characteristics of Alu elements in gene introns (Supplementary Fig. 1 ). Together, these data suggest that intron RNAs are mainly comprised of repetitive sequence.
Furthermore, Alu can serve as an example to illustrate that repetitive sequences do not exist alone. Evidence suggests that, while Alu elements are transcribed by RNA polymerase III (Pol III), they do not appear to be efficiently transcribed by Pol III in vivo (Panning and Smiley, 1993; Goodier et al., 2010) . Rather, the Alurelated transcripts found in HeLa cells are transcribed primarily by RNA Pol II, reflecting the fact that many Alu elements are embedded within Pol II transcription units. Therefore, despite their great numerical abundance, Alu elements are transcriptionally silent in HeLa cells (Paulson and Schmid, 1986) .
Alu elements are frequently found in tandem within the human genome, sometimes separated by only a few base pairs (Stenger et al., 2001) . When the two Alu element copies are separated by less than 20 bp, nearly identical inverted Alu repeats pairs (sense-antisense or antisense-sense) are 10-fold less frequent than the repeats pointing to same orientation (sense-sense, antisense-antisense) (Stenger et al., 2001 ). These results suggest that Alu RNAs, have very little chance to form intrastrand complementation. Furthermore, our RNA population model predicts that long non-coding RNAs containing repetitive sequences form networks in local regions, thereby restricting their migration to the cytoplasm. Consistent with our model, long non-coding RNAs are enriched in the nucleus (Derrien et al., 1789) , unlike long noncoding RNAs, mRNAs do not have repetitive sequences, we infer that mRNAs have only weak interactions with the nuclear RNA network, which enables their transportation into the cytoplasm. Together, these analyses indicate that Alu RNAs possess all the characteristics of RNAs that form network.
4.9. Our latest findings: repetitive sequences regulate gene expression in a position-and type-dependent manner
Our latest experiments demonstrate that repetitive sequences regulate gene expression in a position-and type-dependent manner, which provides evidence supporting the existence of RNA networks and subpopulations (Supplementary Materials and Supplementary Table 1 ).
Alu and Line-1 (long interspersed element 1, L1) are two of the most important repetitive sequences in human genome. To study the effect of repetitive sequences on gene expression regulation, we constructed the expression vector containing Alu or Line-1 to observe the effects of repetitive sequences on GFP report gene expression. We found that Alu × 14 and 280-1 × 14 (14 copies of the first 280 bp fragment in L1-ORF2) inhibited GFP reporter gene expression (The percentages of GFP positive cells in C1-Alu × 14 and C1-280-1 × 14 plasmids both are 0.2%) (Table 1) , which is consistent with our previous reports (Wang et al., 2009a; Wang et al., 2009b) . Additionally, 4TMI enhancer (5 -GTGAAATAAATGCTTTTTTTGT) eliminated the inhibition of GFP gene expression induced by Alu × 14 and 280-1 × 14, however, 4TMI has higher eliminating inhibition effects on Alu × 14 than on 280-1 × 14 (16.2% vs. 8.2%, Table 1 ). These results indicate that different repetitive sequences located downstream of the enhancer can affect gene expression. To investigate further how the location relative to an enhancer (4TMI) and type of repetitive sequences affects GFP reporter gene expression, we inserted an Alu or a 280-1 sequence upstream of 4TMI in C1-4TMI × 2-Alu × 14 plasmid and found that inserting Alu significantly increased GFP expression comparing with inserting 280-1 (25.2% vs. 13.7%, Table 1 ). An Alu or Table 1 Alu sequences flanking an enhancer activate gene expression.
Plasmids
Percentage 
13.7 C1-Alu × 1-4TMI × 2-280-1 × 14 9.7 C1-280-1 × 1-4TMI × 2-280-1 × 14 1.9
HeLa cells were transiently transfected with the indicated plasmids. The percentage of GFP-positive cells was determined using fluorescence microscopy. a 5 -GTGAAATAAATGCTTTTTTTGT.
Table 2
The effects of RNAs produced from neighboring genes on GFP gene expression.
Plasmids Percentage of GFP-positive cells (%)
C1-4TMI × 2-280-1 × 14-CMV-Alu × 2 5.6 C1-4TMI × 2-280-1 × 14-CMV-280-1 × 2 5.0 C1-4TMI × 2-280-1 × 14-CMV-280-1 × 2as (antisense) 10.1 C1-4TMI × 2-280-1 × 14-CMV-Alu × 1-280-1 × 1 11.9 C1-4TMI × 2-280-1 × 14-CMV-Alu × 1-280-1 × 1as 14.4 C1-4TMI × 2-280-1 × 14-CMV 5.3
HeLa cells were transiently transfected using the indicated plasmids and the percentage of GFP-positive cells was determined using fluorescence microscopy.
a 280-1 sequence was inserted upstream of 4TMI in C1-4TMI × 2-280-1 × 14 plasmid and the results showed that inserting Alu significantly increased GFP expression comparing with inserting 280-1 (9.7% vs. 1.9%, Table 1 ). Taken together, these results demonstrate that type and position of repetitive sequences located around enhancers affects GFP gene expression and that Alu sequence flanking enhancer has stronger gene activation ability than that of 280-1 sequence. Next, we asked whether repetitive sequences of neighboring genes can activate GFP gene expression. For this purpose, we inserted a CMV promoter and its surrounding sequences (882 bp, from pcDNA3.1) downstream of 280-1 × 14 in the C1-4TMI × 2-280-1 × 14 vector to construct the C1-4TMI × 2-280-1 × 14-CMV vector. To determine how repetitive sequences of adjacent genes affect expression of a GFP reporter gene, we inserted different sequences downstream of CMV in the C1-4TMI × 2-280-1 × 14-CMV vector. We found that insertion of Alu-280-1 (or Alu-280-1as) repetitive sequences downstream of CMV in the C1-4TMI × 2-280-1 × 14-CMV vector resulted in the strongest gene activation (11.9% and 14.4%, Table 2 ). These results demonstrate that Alu connecting 280-1 sequence activates GFP reporter gene maximally. However, when these repetitive sequences were inserted into a pcDNA3.1 vector to construct expression vectors that were co-transfected with C1-4TMI × 2-280-1 × 14 vector, they did not activate reporter gene (data not shown).
These findings suggest that RNAs produced from repetitive sequences of gene itself, or from neighboring genes, can add to an RNA network to activate a gene. However, RNAs produced from distant genes could not activate reporter genes because these RNAs cannot easily enter the RNA network intact. In our experiments, we used Alu to illustrate this idea. Alu occupys 10% of the human genome. The length of Alu is about 280 bp and its GC content is about 50%, which suggest that the sense and antisense sequences of Alu in the RNA subpopulation are complementary and form a network. These characteristics of Alu may explain our findings that Alu repetitive sequences have higher gene activation than the 280-1 fragment. These preliminary findings provide a support for our RNA population model. There is currently no effective cure or prevention for aging. According to our RNA population model, aging is a continuation of the differentiation and development processes and involves all nucleotide sequences of the genome. Gene transcription is completed in different transcription sites; therefore, revitalizing old cells using artificial gene programming is a difficult task. The RNA population model predicts that non-coding sequences and repetitive sequences are the main elements that decide chromatin conformation and gene expression. Therefore, gene therapy that targets non-coding sequences and repetitive sequences should be the focus of anti-aging research.
Deletion of a large number of non-coding and repetitive sequences may result in dysfunction
Although megabase of non-coding sequences have been deleted from mouse genome without negative consequence (Nóbrega et al., 2004) , according to our RNA population model, non-coding sequences and repetitive sequences play an important role in gene transcription and overall function of eukaryotic organisms. We predict that larger deletions of non-coding sequences and repetitive sequences from the genome will lead to dysfunction.
RNA networks
RNA network should be visible substance according to RNA population model. RNA networks in transcription sites should be found by the methods of RNA labeling electron microscopy, etc. During cell cycle, RNA networks undergo the process of continuous formation and degradation.
6. Other topics related with RNA population model 6.1. All kind of RNAs affects chromatin conformation and gene expression Our RNA population model proposes that all RNAs in an RNA subpopulation can produce effects on the chromatin by affecting the interaction of the RNA network with the chromatin. These RNAs are largely locally produced, non-coding RNAs, including intron RNAs, intergenic RNAs, and RNAs overlapping gene boundaries (The ENCODE Project Consortium, 2012). RNAs produced from a transcription site also can enter another RNA subpopulation and affect the interaction of the chromatin and the RNA network. RNA molecules that disturb network formation and interaction of chromatin with the RNA network can inhibit gene expression. According to our model, every RNA molecule, and perhaps even every nucleotide base (including RNA and DNA), in a cell may affect gene expression by affecting base complementation (RNA intermolecular, RNA intramolecular, RNA and DNA etc.).
Environmental factors affect age-related RNA population
Many works demonstrate that environmental factors, including diet, exercise, radiation, and stress affect aging. Moreover, many studies have shown that the cell environment (e.g., differentiation induction) affects gene expression. These factors and mechanisms add to the RNA population model, which proposes that repetitive sequences and other noncoding RNAs form a network to regulate gene expression. In differentiation induction, only specific type cells respond to inducing factors because they possess responsiveness chromatin conformation landscape and gene expression profile.
Differences among daughter cells and mother cell
The difference of daughter cells and their mother cell is affected by mutiple factors (Kundaje et al., 2012) . We propose that the inequality of the role of RNAs contributes to the differences between the two daughter cells. The chromatin conformations of the two daughter cells arise from the actions of the RNA population within the mother cell. The actions of RNA molecules on chromatins between two sister-chromatids are different on binding time, position and amount. In addition, in the daughter cells, genes producing an RNA subpopulation may be different because gene combination in a transcription site has random tendency in different levels. Therefore, the gene expression in the two daughter cells is similar but not identical. RNA population model prompts that this unequal process has important biological significance on the development and differentiation. About the difference of daughter cells and mother cell, we have discussed in Section 3.1. In immortal cells, the two daughter cells also can be different, but proliferation ability of partial daughter cells must be same as that of their mother cell.
Why do all multicellular eukaryotes undergo aging?
RNA population model considers that the aging of higher grade genes is the premise of expression of lower grade genes. If the higher grade genes are not aging, individuals will always stay in the single cell level, differentiation cannot be completed. Aging has important biological significance.
Cell reprogramming and anti-aging
In RNA population model, local transcription sites produce RNA subpopulations that decide chromatin conformation. So the cell reprogramming needs that specific RNAs (non-coding RNAs) act on local transcription site. Due to the regional distribution of RNA subpopulation, cell reprogramming needs to develop new methods of changing artificially specific RNA subpopulations.
Aging (including age-related diseases) is the result of gene expression changes that in turn are due to a change in RNA subpopulations. Modulating artificially RNA subpopulations of aged cells may result in anti-aging. As RNA subpopulations vary between differentiated cells, strategies of anti-aging by modulating RNA subpopulations need to be directed at different cell types.
6.6. The RNA population model and other mechanisms of gene expression regulation The RNA population model is complimented by other mechanisms of gene expression regulation. In the model, the RNA population is only the initial factor for changing and maintaining chromatin conformation. Subsequently, proteins can play roles when chromatins have formed a certain conformation. These proteins include transcription factors, DNA binding proteins, DNA methylation enzymes, histone acetylation enzymes, etc. The RNA population model stipulates that a cell is a whole, so, any factor that affects an action on RNA, DNA and protein (intermolecular or intramolecular) will influence gene expression (also to see Section 6.1). These influencing factors can include transcription factors, RNA binding proteins (Lorković, 2009) , siRNA (Günther et al., 2011; Feng and Guang, 2013) , DNA methylation modifications (Meissner et al., 2008) and histone acetylation modifications (Bannister and Kouzarides, 2011) , etc.
Conclusion
In this paper, we refine the RNA population model (Lv-Wang model) based on literature reports as well as our own latest findings. The model uniformly explains aging, differentiation, epigenetics, reproduction and tumorigenesis, encompassing the nuances and universality of aging under the same concept. The model proposes the idea of an RNA subpopulation and an RNA network that is different from the RNA population gene activating model we proposed in 2003 (Lv et al., 2003) . Our refined RNA population model emphasizes the roles of non-coding sequences and repetitive sequences in gene expression regulation. It is a simple model that can effectively explain multiple biological phenomena.
RNA population model has the potential to inform research on aging, functional genomics, and the functions of non-coding RNA sequences.
